ABSTRACT. The study of climate variability and its impacts on crop production has become a continuous effort for
rop simulation models are valuable tools that use weather and soil data along with management and crop genetics to simulate crop growth, development, and yield. In general, they can capture the spatial variability in soils, crop management practices, and other factors that influence yield. Crop models have been used extensively to complement in-field research and to interpret the responses of agronomic systems under varied crop management situations and diverse environmental conditions (Tsuji et al., 1998) . Several crop models use multipart methodologies to simulate environmental processes and increase the understanding of various cropping systems and underlying physical mechanisms (Bouman et al., 1996) . Detailed data are needed for the simulation of agricultural systems to make interpretations of model-based experiments (Jones et al., 2017) . Although crop models have been around for a while, there has been an increased interest in using crop models in the past decade to face the challenges of global food security and to study sustainable agricultural production systems under the stresses of increasing world population and climate change (Paola et al., 2016) . Crop models, with historical weather data as input, have also been used to study the impact of the El Niño Southern Oscillation (ENSO) on yields of various crops (Hansen et al., 1998; Garcia y Garcia et al., 2006) . These models are increasingly used as sources of agricultural information at different temporal and spatial scales (Hartkamp et al., 2009; Hoogenboom, 2000) . However, the original models were designed to operate at a point scale (Hansen and Jones, 2000; Faivre et al., 2004; Stone and Meinke, 2005) . A scientific understanding is often needed for impact assessment studies at regional, national, or global scales (Resop et al., 2012; deWit et al., 2010) . Spatial variability of soil properties, topography, and climate, among other factors, leads to variability in crop production systems. This variability needs to be addressed to achieve the ultimate goal of sustainability in agricultural production (Basso et al., 2001) . The concerns that exist about using crop models for assessing regional agricultural impacts (Palosuo et al., 2011) are mainly due to the accuracy of input data, especially at a spatial scale, along with a suitable representation of crop physiological processes and model parameters, which are the key factors for a simulation that can be used for providing alternative scenarios for decision making.
Several studies have indicated that soil properties have a significant impact on the spatial variability of yield (Batchelor and Paz, 1998) . Crop growth is sensitive to both spatial (soil properties) and temporal (precipitation and temperature) factors (Anwar et al., 2009) . Past studies have shown The authors are Vaishali Sharda, ASABE Member, Postdoctoralthat the spatial scale of soils had a larger effect than climate scenarios on the spatial variability of yield (Mearns et al., 2001) . Tremblay et al. (2011) reported that maize yield in wet climates is generally higher on coarse-textured soils as compared to fine-textured soils. In dry climates, higher crop yields can often be observed in clayey soils (because of higher water-holding capacity) than in sandy soils . Depending on precipitation, maize yield has been reported to be related to the clay content of the soil (Shahandeh et al., 2011) . Over the years, several studies have also been conducted to study the impact of climate and other environmental factors on maize yield (Mera et al., 2006; Schlenker and Roberts, 2009) . Most of these studies have been conducted at field scale, where the variability of soil parameters is not significant, in comparison to the spatial variability of larger areas or spatial scales. However, the impact of spatial soil variability and climate variability on maize yield at a regional scale remains to be determined. Therefore, understanding the spatial variability of soil parameters across crop fields, along with climate impacts, is vital for improving the application of agricultural inputs and crop yields and for improving the performance and effective utilization of crop simulation models at larger spatial scales. The Decision Support System for Agrotechnology Transfer (DSSAT) Jones et al., 2003) is one of the most widely used crop simulation models (Tsuji et al., 1998; Thorp et al., 2008) for evaluating agricultural management options. DSSAT version 4.5 comprises models for more than 28 crops that simulate crop growth, development, and yield along with management strategies that involve irrigation, fertilizer application, crop rotations, and others. DSSAT has been widely used to simulate crop water use and yield along with the development of management strategies under different soil and climate conditions (Liu et al., 2011; Soler et al., 2011; McNider et al., 2015) . DSSAT has also been employed at various scales to simulate the impact of climate change on crop production (Carbone et al., 2003; Tubiello et al., 2002) , to study the impact of climate variability on agriculture (Persson et al., 2009; Andresen et al., 2001) , and to forecast yield (Soler et al., 2007; Bannayan et al., 2003) . Most crop simulation models, such as DSSAT, require detailed soil and weather data and crop management information as inputs. The minimum input data for DSSAT include the soil profile (water-holding characteristics, texture, slope, nitrogen, organic matter, etc.), daily weather data (minimum and maximum temperature, precipitation, and solar radiation), crop management data (planting, plant population, row spacing, fertilizer application, etc.), and cultivar coefficients (Bao et al., 2017) . Among these, soil information is one of the key inputs (Wu et al., 2010) . However, extensive soil property information, such as soil surface information or detailed physical and chemical properties by soil horizon, is often difficult to obtain at regional scales. The detailed soil information required by a crop model is generally not provided by the various global soil databases that exist, such as the Harmonized World Soil Database (HWSD) (FAO, 2012) or the World Inventory of Soil Emission potentials (WISE) (Batjes, 2002) . Another major hurdle in using a global soils database is that the raw data are not in an immediately usable format that is compatible with crop models, although some efforts have been made to convert global soil databases into usable crop model input (Gijsman et al., 2007; Romero et al., 2012) . Given the spatial variability of soil, and the impact that soil properties, such as bulk density, clay content, texture, available soil moisture, organic matter (Wright et al., 1990) , soil depth (Kreznor et al., 1989) , and pH (Moore et al., 1993) , have on crop yield, it is important to make use of detailed information on soil properties when using crop models at a regional scale.
Along with the major maize-producing states in the U.S. Corn Belt, Alabama contributes to making the U.S. the world's largest producer and exporter of maize (NASS, 2015) . Over the past few decades, maize yields in Alabama have been fluctuating, partly due to extreme weather events (NASS, 2015) and partly due to competition from the irrigated agriculture in the western part of the U.S. (McNider et al., 2015) . Various studies have revealed how maize growth and yields have been impacted by climate variability, especially the El Niño Southern Oscillation (ENSO) (Sharda et al., 2012) in the southeastern U.S. (Hansen et al., 1998; Legler et al., 1999) . ENSO is a coupled ocean-atmospheric phenomenon that occurs in the equatorial Pacific Ocean and can be categorized into three phases, i.e., El Niño with warm sea surface temperatures (SST), La Niña with cool SST, and neutral, based on an index derived from observed SST (Hansen et al., 1998) . No specific research has studied the effect of climate variability along with spatial soil variability in maize yields at a regional scale and provided a solution for ENSO-impacted regions. Because soil variability can be very high in the spatial range of 0.1 to 10 km (Wassenaar et al., 1999) , understanding its effect on crop yield is a critical component of site-specific management. One of the objectives of this study was to convert the soil profiles available through the Web Soil Survey (NCSS, 2013) into DSSAT crop model format for easy access and application. These soils were then used to investigate the effects of spatial soil variability on maize yields in Alabama. The specific question addressed in this article is how crop growth and yield are related to spatial soil distribution and climate variability. Therefore, the objectives of this study were to study the impact of spatial soil variability on maize yield at a regional scale along with the interaction with the climate variability signal ENSO.
MATERIALS AND METHODS

DSSAT CROP SIMULATION MODEL
DSSAT version 4.5, Crop Estimation through Resources and Environmental Synthesis (CERES) Maize (Ritchie et al., 1998; Jones et al., 1986) , was used to simulate maize yields with a variety of climate inputs for the period 1982 to 2011. CERES-Maize calculates crop growth and simulates water and nitrogen balance at a daily time step by simulating processes of soil water, nutrient, and plant growth, along with developmental processes for the formation of final crop yield and yield components (Ritchie et al., 1998) . The model simulates six phenological stages for a maize plant, with each stage controlled by weather factors, plant genetics, and other environmental factors such as water, sunlight, atmospheric gases, etc. Air temperature is used to simulate plant development through growing degree days (GDD), a measure of accrued growing season temperature greater than a defined baseline (8°C in CERES-Maize) (Glotter et al., 2016) . Genetic coefficients are used to determine genotype-specific characteristics of maize growth. Leaf area index (LAI), radiation, factors for yield reduction due to non-optimum temperatures, and water stress factors are used to calculate potential dry matter production (Quirring and Legates, 2008) . The simulations were conducted for the top ten maize-producing counties in Alabama (NASS, 2015) , including Lawrence, Limestone, Colbert, Lauderdale, Madison, Jackson, DeKalb, Talladega, Morgan, and Marshall ( fig. 1 ). The DSSAT v4.5 model was run for 30 years, from 1982 to 2011, in seasonal analysis mode (Thorton and Hoogenboom, 1994) . Seasonal analysis can be used to compare the variability in crop performance based on different weather conditions and management practices over multiple years (Tsuji et al., 1998) . Simulations were set up for the most dominant soil in each county, for the three most dominant soils in each county and for spatially distributed SSURGO soils in each county. The model was run for each of the ten counties for the entire 30-year study period. The annual average simulated yields were grouped according to ENSO phases as defined by the El Niño 3.4 index (Sharda et al., 2012) to study the impact of ENSO-induced climate variability on yields.
INPUT DATA
The input data required to run DSSAT include daily maximum and minimum temperatures, precipitation, and solar radiation, along with soil characterization data, management information (e.g., planting date, row spacing, and seeding density), and hybrid-specific genetic coefficients to simulate yield.
Weather Data
Daily maximum and minimum air temperature and precipitation data for a 30-year period of record across Alabama were obtained from station data available from the National Climate Data Center (NCDC, 2012) via the Center for Ocean-Atmospheric Prediction Studies (COAPS, 2012). One weather station was selected for each county. Solar radiation was generated at each station using a weather generator (WGENR; Hodges et al., 1985) adjusted for the southeastern U.S. by Garcia y Garcia et al. (2008) .
Soils Data
The Natural Resource Conservation Service (NRCS) National Cooperative Soil Survey (NCSS, 2013) Soil Survey Geographic (SSURGO) database provides soil data for more than 95% of the counties of the conterminous U.S. The NCSS soils database is a collaborative effort of many federal, regional, and state agencies along with private institutions across the U.S. All these agencies work together to inspect, record, categorize, understand, distribute, and publish information about U.S. soils. This database consists of land capability classification categories comprised of soil classes and subclasses as defined by the National Soil Survey Handbook (NSSH) (table 1). Based on these classes and subclasses, initial criteria were developed for selecting one dominant agricultural soil and the top three agricultural soils for the top ten maize-producing counties Alabama (table 2) .
To account for the spatial soil variability (Sharda et al., 2013) , the soil profiles for each county were selected using information provided by the USDA-NRCS website (http:// websoilsurvey.nrcs.usda.gov/app/WebSoilSurvey.aspx). All soil properties were contained in tabular data sets consisting of 56 tables with various data. The electronic database includes many soil properties, such as percentages of sand, silt, and clay, organic carbon content, color, drainage, slope, etc. (table 3) . DSSAT requires detailed information on soil properties that includes soil layer information (depth and thickness, texture, bulk density, stone percentage, saturated hydraulic conductivity, etc.) as well as soil surface information (albedo, runoff curve number, soil fertility factor, and drainage coefficient). However, not all properties were available to meet the minimum data requirements for DSSAT , such as the lower limit of plant extractable water (SLLL), drained upper limit (SDUL), and saturated soil water content (SAT). These properties were Maize estimated using methods provided in the DSSAT documentation (Gijsman et al., 2002) . Several other soil parameters that were not available in the SSURGO database were set to their DSSAT default values, e.g., soil albedo (SALB) was set to 0.13 (brown). Three tables from the SSURGO tabular dataset were used for processing: the Map Unit table identifies the map units included in the referenced legend, the Component table lists the map unit components identified in the referenced map unit and selected properties of each component, and the Horizon table lists the soil horizons. Each of these tables has a unique key identifier, and all the tables are connected through "one-to-many" relationships. The unique key identifiers (chkey, cokey, and mukey) were used to query the data. The tabular data from SSURGO were then queried and joined with spatial data ( fig. 2 ) using ArcGIS 10.1 (ESRI, 2012) .
The desired soil properties from the database were then exported to tables in Microsoft Excel to form input tables for SAS (SAS, 2010) code written to convert these profiles into DSSAT-compatible format. The input tables were preprocessed to account for some soil attributes that were not defined for certain soil profiles. The SSURGO profiles were then converted to DSSAT soil profiles ( fig. 3 ) using the SAS code.
ArcMap 10.1 (ESRI, 2012) was used to create maize yield maps for each county. Crop data layer (CDL) (NASS, 2015) data for the top ten maize-producing counties in Alabama were downloaded, and the SSURGO spatial soil data layer was then clipped to the corn-growing areas in each county obtained from the CDL data. The yield maps were then created by assigning yield values obtained by running DSSAT for each of the soils present in each county. Capability subclass is the second category in the land capability classification system. Class codes e, w, s, and c are used for land capability subclasses. Capability subclasses Subclass e is made up of soils for which the susceptibility to erosion is the dominant problem or hazard affecting their use. Erosion susceptibility and past erosion damage are the major soil factors that affect soils in this subclass. Subclass s is made up of soils that have soil limitations within the rooting zone, such as shallowness of the rooting zone, stones, low moisture-holding capacity, low fertility that is difficult to correct, and salinity or sodium content. Subclass w is made up of soils for which excess water is the dominant hazard or limitation affecting their use. Poor soil drainage, wetness, a high water table, and overflow are the factors that affect soils in this subclass. Subclass c is made up of soils for which the climate (the temperature or lack of moisture) is the major hazard or limitation affecting their use. 
Management and Planting Data
The crop management practices for the simulations were based on recommendations from the Alabama Cooperative Extension Service of Auburn University (Glass and van Santen, 2011) . Rainfed practices were simulated for planting dates ranging from March 28 to March 31, depending on the location of the county. The planting dates were selected based on personal communications with extension experts at Auburn University and considering historic planting date information available on the NASS website. The plant population was 6.2 plants m -2 , row spacing was 0.61 m, and 171 kg ha -1 of nitrogen fertilizer was applied as ammonium nitrate equally divided over three applications. Only weather and soils data were allowed to vary from one simulation to another in order to isolate the crop model response to weather and soil type.
Cultivar Calibration
Yield and phenology in CERES-Maize are determined by six genetic coefficients, and the process of calibration aims at obtaining rational estimates of these coefficients by comparing simulated data with observed data. The cultivar coefficients of the CERES-Maize model include thermal time from seedling emergence to the end of the juvenile phase (P1), the extent to which development is delayed for each hour increase in photoperiod above the longest photoperiod at which development proceeds at a maximum rate (P2), the thermal time from silking to physiological maturity (P5), the maximum possible number of kernels per plant (G2), the kernel filling rate during the linear grain filling state and under optimum conditions (G3), and the interval in thermal time (degree days) between successive leaf tip appearances (PHINT). Because the application of DSSAT was at a regional scale in this study, a general cultivar that characterizes the cultivars grown in Alabama was desired. A methodology was developed by McNider et al. (2015) to calibrate a maize cultivar for regional application of DSSAT in the southeastern U.S. Generalized likelihood uncertainty estimation (Beven and Binley, 1992 ) was used to modify the genetic coefficients to reduce the difference between simulated and observed yields and anthesis dates. Statistical parameters, including the coefficient of determination and root mean square error (RMSE), were used to calibrate McCurdy 84aa, a DSSAT default medium-to full-season maize cultivar, so that it would mimic the target cultivar. Dyna-gro 58K02 was selected as the target cultivar because it was being grown at the Tennessee Valley Research and Extension Center (TVREC) in Belle Mina, Alabama, which is operated by Auburn University Extension Service. The model was calibrated using six years (2004) (2005) (2006) (2007) (2008) (2009) ) of field trial data for Dyna-gro 58K02 grown at TVREC and validated for the years 2000-2011. Statistically, the model performed well in simulating the measured maize yields (for a detailed description of the calibration procedure, refer to McNider et al., 2015) . Calibrated values of the CERES-Maize model are given in table 4.
ENSO PHASES AND NIÑO 3.4 INDEX
The National Oceanic and Atmospheric Administration (NOAA) Niño 3.4 index was used for definition of the ENSO phase. This index is based on a three-month, extended reconstruction sea surface temperature analysis (ERSST.v2), which includes average SST anomalies in the Niño 3.4 region (5° N to 5° S and 170° W to 120° W) of the Pacific (Sharda et al., 2012) . This region has been reported (Trenberth and Hoar, 1996) to be the main area where sea level pressure and temperature anomalies are well correlated. If the Niño 3.4 index is more than +0.5°C, the event is termed El Niño; if the index is less than -0.5°C, the event is termed La Niña. A neutral phase is defined when the Niño 3.4 index is between +0.5°C and -0.5°C. The NOAA Climate Prediction Center assigns the ENSO phase to a three-month period based on the SST anomaly, and this information is available on the NOAA website for 1950 to the present (NOAA, 2015) . For ENSO phase assignment, we used growing season (March through October) ENSO information for 1982 to 2011, which was available through the NOAA Climate Prediction Center website. For the growing season, the ENSO phase over the entire period was considered. For example, for SST anomaly index values of +0.5°C or greater for a consecutive period of six months, the ENSO year of March through October was categorized as an El Niño year. Similarly, for SST anomaly values of -0.5°C or less, the year was classified as a La Niña year. If there was no phase change during these months, that phase was assigned to the year. Otherwise, that year was deleted from the analysis. Based on this method, the seasons for the entire period of 30 years were classified as El Niño, La Niña, or neutral (table 5) .
STATISTICAL ANALYSIS
Statistical criteria commonly used for evaluating crop models (Bao et al., 2017; Anothai et al., 2008) were selected for this study. These include root mean square error (RMSE) and index of agreement (d) or d-stat (Willmott et al., 2012) , given by equations 1 and 2, respectively:
where n is the number of observations, P i is the simulated value for the ith measurement, O i is the observed value for the ith measurement, and P i ′ = P i − Ō and O i ′ = O i − Ō, where Ō is the mean of all observations. The lower the RMSE value is and the closer the value of d-stat is to 1, the better the simulation.
To determine the differences in harvested yield within the different counties, climate, and soil conditions in the model application, we performed an analysis of variance (ANOVA) and least significant difference (LSD) using PROC GLM in SAS (SAS, 2010) . Different years were considered repeats in this analysis of variance.
RESULTS AND DISCUSSION
SOIL VARIABILITY IMPACT ON YIELD
Simulated maize yields were compared with observed yields (table 6) for all ten counties and for the different soil inputs. In general, the average annual yield varied significantly (p < 0.05) when using one soil type, three top soils, and SSURGO soils for each county. The yield was highest in Limestone County (7,136 kg ha -1 ) and lowest in Marshall County. The difference between simulated and observed yields was less than 10% of the observed yield. The model overestimated maize yield for almost all simulations, which was expected because actual field limitations, such as weeds, insects, etc., are not modeled in DSSAT and CERES-Maize. The value of d-stat ranged from 0.67 to 0.98, indicating the high ability of the model in simulating yield under all given conditions. The RMSE ranged from 421 to 2,268 kg ha -1 . The highest value of d-stat was 0.98, which was for SSURGO soil simulations in DeKalb and Talladega counties. For all ten counties, the use of spatially distributed SSURGO soils, instead of using the most prominent soil in the county or the top three agricultural soils in the county, produced better results.
To further explore the findings of this study, a graphical analysis of simulated versus observed yields was conducted ( fig. 4) for all counties. The yield averages for the entire period of study were analyzed for each county and for the three types of soil simulation. The number of soils in each county ranged from 7 to 36, with Jackson County having the most spatial soil variability and DeKalb having the least, with only seven different kinds of agricultural soils. An interesting observation from this analysis was that for most of the counties, especially the top maize-producing counties such as Lawrence and Limestone, using just one soil or the top three soils for the simulations resulted in higher overestimation of yield as compared to the simulations that used spatially distributed SSURGO soils, which were closer to the 1:1 line. The simulated yields for DeKalb, Talladega, and Morgan counties were very close to the observed yields for all soil types. For Lauderdale County, all soil conditions resulted in overestimation of maize yield, with the simulated yield for SSURGO soils being the least overestimated. For Madison County, all three types of soil simulation showed comparatively scattered yields with poor fit. Overall, using the SSURGO soils resulted in improved maize yield simulation for most of the counties based on the statistical parameters, i.e., index of agreement and root mean square error (table 6) .
As stated previously, the ten counties that were included in this study have large spatial soil variability. Simulated maize yield maps for the study area were created using the maize crop mask (NASS, 2015) and SSURGO soil maps (NCSS, 2013) to visualize the impact of spatial soil variability on maize yield. An example for Lawrence County ( fig. 5) illustrates the impact of soil variability on maize yield established in this study. The maize yield map shows that certain soils are more productive, with higher simulated maize yields (dark green), as compared to soils that result in very low yields (red).
ENSO IMPACT ON YIELD
The differences in simulated maize yield during the three ENSO phases for the 30 growing seasons were statistically significant (p < 0.05) for each of the three simulation sets conducted using one soil for each county, three soils for each county, and all the SSURGO soils in each county when analyzed separately. Maize yields during El Niño (6,762 kg ha -1 ) years were, on average and for all three soil conditions, significantly higher (p < 0.05) than maize yields during La Niña (5,687 kg ha ) averaged over all the study locations. With all the maize production in these top ten maize-producing counties being rainfed, seasonal variations in precipitation and temperature that are attributable to ENSO impact maize yields. Because most of the major maize-producing counties in Alabama are concentrated in the northern part of the state ( fig. 1 ), these results are in line with a study by Sharda et al. (2012) , who found a high probability that El Niño brings wetter and cooler conditions during the maize growing season to this part of the state. Critical growth stages that have a greater water demand, such as flowering and silking (Mourtzinis et al., 2016) , were most likely impacted and had higher yields during El Niño growing seasons when wet and cooler conditions prevailed. The influence of different weather patterns associated with ENSO could be seen in the simulated yields averaged across all locations for the simulations representing the spatially distributed SSURGO soils ( fig. 6) , showing inherent yield variability across the maizeproducing region. During the 30-year period of the study, large year-to-year variations in maize yields were observed. The La Niña yield averaged 5,654 kg ha -1 , ranging from 3,237 to 8,167 kg ha -1 , whereas the El Niño average yield was nearly 1,650 kg ha -1 higher than the La Niña average yield. The effect of precipitation on maize yield was also impacted by soil type, e.g., the mostly silt clay loam soils in Lawrence and Limestone counties have better water-holding capacity as compared to the sandy soils of Talladega County. The differences in maize yield among El Niño, La Niña, and neutral years were statistically significant (p < 0.05) for each of the three soil conditions.
As an example, in Lawrence County, simulated maize yields were significantly higher during El Niño years than during neutral and La Niña years when using spatially distributed SSURGO soils ( fig. 7) . When using the three most dominant agricultural soils, El Niño yields were still higher than La Niña yields. However, when using just one soil for the entire county, the results contradicted this yield trend. This can be attributed to the fact that the most prominent soil in the county may not be the most productive soil. Similar results were found in most of the counties studied, with SSURGO soil simulations indicating higher El Niño yields than La Niña yields, which is in agreement with other studies conducted in the region (Mourtzinis et al., 2016; Persson et al., 2009) . The rainfall variability associated with different ENSO phases impacts the soil moisture condition and, along with other weather variables, has a compounding effect on crop yield. These results highlight the importance of recognizing the interacting effects of climate variables and physical conditions, such as soils, rather than relying on only one source of yield variability in risk analysis or yield forecasting. Given the strong connection between ENSO phases and climate variables in the southeastern U.S., seasonal ENSO forecasts can be used in designing adaptation strategies to mitigate climate-induced effects on crop yields (Challinor et al., 2014) . The results from this study demonstrate that maize production in the region could be better managed based on the projected ENSO phase. Several studies have highlighted similar benefits of using ENSO information to improve maize production in the region, e.g., selection of management practices, such as early or late planting dates, based on the ENSO forecast to avoid crop stress during important growth stages (Mourtzinis et al., 2016) , and maize-based ethanol production (Persson et al., 2009 ), among others. 
SUMMARY AND CONCLUSIONS
The DSSAT CERES-Maize model was successfully evaluated and validated to simulate maize yield responses to climate and soil variability in the top ten maize-producing counties in Alabama. The seasonal analysis feature of DSSAT was used to simulate maize yields for the 30-year study period to determine how yields are impacted by ENSO, an interannual climate variability signal prominent in the southeastern U.S. The model prediction accuracy was satisfactory across the years for the region studied, although the model generally overestimated maize yields for all counties and soil conditions. The effect of climate variability and ENSO phase on maize yield agreed with previous studies that have been conducted in the region and that have demonstrated the effects of climate variability on crop production in the southeastern U.S. (Hansen et al., 1998; Legler et al., 1999; Persson et al., 2009; Mourtzinis et al., 2016) . The impacts of ENSO on maize yields in the region also suggest that using ENSO forecasts to predict maize yields could enhance maize production in the southeastern U.S. Because most agricultural land generally in the southeastern U.S., and specifically in northern Alabama, is rainfed, these results also highlight the relationship between crop yield and soil conditions. 
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Spatial variability of the model responses was shown to be strongly affected by the soil variability within the region when simulating yields for the 30-year study period. Using SSURGO soils as input to simulate maize yield was statistically better for almost all counties as compared to using the most dominant soil or using the top three soils for each county, which resulted in higher overestimations of yield. Maps created by overlapping soil type, maize mask, and yield simulations illustrated the spatial variability in maize yield that was attributable to soil variability. These maps allow us to examine yields in different areas and determine how soils and soil properties impact production. There is large spatial soil variation in the region, and because many agronomic decisions start with the soil, the results of this study can be helpful in meeting the challenges of sustainable maize production. The results from the soil variability study also indicate the possibility of increasing maize yield by assigning production to high-yielding soils in particular counties in the region.
The simulation of crops such as maize, which is extensively grown in the U.S. and around the world, with the seasonal analysis program of CERES-Maize version 4.5 can predict risks to crop production due to climate variability signals, especially ENSO. This study confirms that crop simulation models such as DSSAT, when properly calibrated and validated, can be used globally to adapt different crop management strategies based on ENSO forecasts. Overall, it can be concluded that the CERES-Maize model can be used to quantify the impacts of climate and spatial soil variability on maize yields and yield variability. This model can be useful in explaining the spatial variability of yield across a region and can be used by various agencies and stakeholders that need precise yield estimates before harvest. As more sources of fine-resolution soil data become available, there needs to be a focus on integrating soil information with studies that explore the impacts of regional climate variability and climate change on agricultural production. It is important to develop region-specific adaptation strategies based on this quantification of the impact of climate and spatial soil variability on maize yield. Another contribution of this study could be to develop the potential of higher-yielding soils in the region to maximize yields and minimize the yield variability attributable to local climate and soil properties.
